Introduction 1
Statistical modeling of count data with zero inflation has become an important issue in numerous fields and in particular, 2 in econometrics. The zero inflation (or excess zeros) problem occurs when the proportion of zero counts in the observed 3 sample is much larger than predicted by standard count models. In health economics, this issue often arises in analysis 4 of health-care utilization, as measured by the number of doctor visits (Sarma and Simpson, 2006; Sari, 2009; Staub and 5 Winkelmann, 2013) . The present work is also motivated by an econometric analysis of health-care utilization and is 6 illustrated by a data set described by Deb and Trivedi (1997) . care utilization were reported in this study, namely the number of visits to a doctor in an office setting, the number of visits 11 to a non-doctor health professional (such as a nurse, optician, physiotherapist. . . ) in an office setting, the number of visits 12 to a doctor in an outpatient setting, the number of visits to a non-doctor in an outpatient setting, the number of visits to an 13 emergency service and the number of hospital stays. A feature of these data is the high proportion of zero counts observed for 14 some of the health-care utilization measures, that is, there is a high proportion of non-users of the corresponding health-care 15 service over the study period. In addition to health services utilization, the data set also provides information on health status, 
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studies suggest that health-care utilization measures are not independent (Gurmu and Elder, 2000; Wang, 2003 
probability that a consultation is of type ofnd, p 2i = P(Z 2i = 1|X i ) is the probability that a consultation is of type opnd and health-care services. In other words, there may exist an excess of observations of the form (0, 0, m i ) in the data set.
17
To accommodate these observations, we propose to define, for each individual i, a zero-inflated multinomial regression 18 model as the mixture providing a rigorous study of model (1.1) that will serve as a basis for future application of the model to real-data problems.
32
We derive maximum likelihood estimators of parameters π i and p i , we establish their asymptotic properties (consistency 33 and asymptotic normality) and we assess their finite-sample behavior using simulations. Then, we illustrate the model on 34 the health-care utilization data set described above.
35
The remainder of the paper is organized as follows. In Section 2, we specify precisely the model and we address the 36 estimation of π i and p i . In Section 3, we report results of our simulation study. Section 4 describes the health-care data 37 analysis. A conclusion and some perspectives are provided in Section 5. All proofs are postponed to an Appendix. Let (Z i , X i ), i = 1, . . . , n be independent random vectors defined on the probability space (Ω, C, P). For every i, we assume 46 that given the total Z 1i + Z 2i + Z 3i = m i , the multivariate response Z i = (Z 1i , Z 2i , Z 3i ) is generated from the model 47
